Abstract. Mediterranean intense weather events often lead to devastating flash-floods. Extending the forecasting lead times further than the watershed response times, implies the use of numerical weather prediction (NWP) to drive hydrological models. However, the nature of the precipitating events and the temporal and spatial scales of the watershed response make them difficult to forecast, even using a high-resolution convection-permitting NWP deterministic forecasting. This study proposes a new method to sample the uncertainties of high-resolution NWP precipitation forecasts in order to quantify the predictability of the streamflow forecasts. We have developed a perturbation method based on convection-permitting NWP-model error statistics. It produces short-term precipitation ensemble forecasts from single-value meteorological forecasts. These rainfall ensemble forecasts are then fed into a hydrological model dedicated to flash-flood forecasting to produce ensemble streamflow forecasts. The verification on two flash-flood events shows that this forecasting ensemble performs better than the deterministic forecast. The performance of the precipitation perturbation method has also been found to be broadly as good as that obtained using a state-of-the-art research convectionpermitting NWP ensemble, while requiring less computing time.
Introduction
Flash-floods (FF) are the most costly hazards in the northwestern Mediterranean (Llasat, 2009) . They are triggered by heavy rainfall events which often occur in autumn all along the northwestern coast. The geomorphologic characteristics of the region, with steep slopes and small-to medium-size catchments lead to short hydrological response times. HyCorrespondence to: B. Vincendon (beatrice.vincendon@meteo.fr) drological forecasting systems driven only by rainfall observations do not give forecasts providing sufficient advance warning to prepare for a flash-flood event. Extending the forecasting lead times further than the watershed response times implies the use of quantitative precipitation forecasts (QPF) from numerical weather prediction (NWP) models (Melone et al., 2005; Ferraris et al., 2002) .
One critical issue for the use of QPF from NWP models to drive hydrological models is the matter of scales. The temporal and spatial scales of NWP errors are generally much larger than the scales of the corresponding FF (Roberts et al., 2009) . It is thus necessary to pre-process atmospheric weather forecasts before they are used for any hydrological purpose . The new-generation convection-permitting atmospheric models, which use a horizontal resolution of 1-4 km, are the only NWP models functioning at the scale of hydrological catchments prone to FF. Their QPF can be used directly to drive rainfallrunoff models. Thus, no additional downscaling procedures, like those used for larger scale NWP systems (e.g. Deidda, 2000; Regimbeau et al., 2007) , are needed. Several past studies have assessed the value of convection-permitting meteorological forecasts to drive hydrological models dedicated to Mediterranean flash-floods (Anquetin et al., 2005; Chancibault et al., 2006; Vincendon et al., 2009 ). These studies found that the precipitation underestimation was significantly less marked for the convection-permitting QPF, but there were still uncertainties on rainfall location, which could be detrimental to good discharge forecasting. Even a 50-km shift error, which is considered quite small from a meteorological forecast perspective, can lead the simulation to completely miss a flash-flood event, since the heaviest predicted rain may fall outside the watershed with such a location error.
These studies also show that a meteorological simulation that improves objective scores in terms of quantitative precipitation forecast does not systematically lead to an improved hydrological simulation. Meteorological forecasting uncertainties are propagated into hydrological forecasting systems and combine with other uncertainties associated with the hydrological modelling (Krzysztofowicz, 2002; Diomede et al., 2006; Bowler et al., 2006) . The initial soil moisture has been shown to be a major source of hydrological modelling uncertainties (Zehe et al., 2005; Le Lay and Saulnier, 2007) . Calibration of the model parameters is another source of uncertainties and many studies have tried to address the associated equifinality issues (Beven and Freer, 2001; Montanari, 2005) . It is, however, accepted that the uncertainty of the QPF plays the largest role in the uncertainties of the hydrological model prediction in cases of flash-floods (Le Lay and Saulnier, 2007) .
Ensemble prediction systems are recognised to be efficient in exploring and quantifying the different types of uncertainties. Numerous studies have used probabilistic precipitation forecasts obtained from atmospheric ensemble prediction systems to drive hydrological models (Bartholmes and Todini, 2005; Siccardi et al., 2005; Davolio et al., 2008; Thielen et al., 2009 among others) . Many of these systems, known as HEPS (Hydrological Ensemble Prediction Systems), which are running in operational or nearly operational mode, are listed by Cloke and Pappenberger (2009) .
Actions like COST731 (Propagation of Uncertainty in Advanced Meteo-Hydrological Forecast Systems, COoperation in Science and Technology, Zappa et al., 2010) , MAP D-PHASE (Mesoscale Alpine Programme Demonstration of Probabilistic Hydrological and Atmospheric Simulation of flood Events in the Alpine region, Rotach et al., 2009) or HEPEX (Hydrological Ensemble Prediction EXperiment, Schaake et al., 2007; Thielen et al., 2008) have also contributed to the development of HEPS. Most of the reported HEPS concern medium-range daily streamflow forecasts for large-to medium-size watersheds (e.g. Thirel et al., 2008; Randrianasolo et al., 2010; Thirel et al., 2010) .
For flash-flood short-range forecasting, a first approach relies on downscaling the members of operational large scale ensemble forecasting systems to bridge the scale gap between atmospheric model grid and watershed sizes. Downscaling techniques can be either statistical or dynamical or both (Wilby and Wigley, 1997; Xu, 1999; Xuan et al., 2009; Beaulant et al., 2011) . Several works aim at downscaling the Ensemble Prediction System (EPS) forecast (Molteni et al., 1996) of the ECMWF (European Centre for Mediumrange Weather Forecasts). Diomede et al. (2006) performed a 10-km resolution dynamical downscaling of "representative members" selected from a clustering of the ECMWF EPS (COSMO-LEPS, Marsigli et al., 2005) . Ferraris et al. (2002) added a multifractal disaggregation of the LEPS members to cope with the smaller Mediterranean watersheds. A drawback of these statistical-dynamical downscaling methods is that their use introduces an additional potential source of error.
Convection-permitting ensemble NWP could avoid the resort to a rainfall disaggregation method for the Mediterranean small-to-medium catchments, but it is still in its infancy and is computationally expensive. Multi-model approaches (Jasper et al., 2002; Ludwig et al., 2003; Komma et al., 2007) can avoid the numerical cost issue but it is sometimes difficult to find a good overlapping domain. Other numerically cheap methods produce probabilistic precipitation forecasts from single-value model outputs. For instance, post-processing based on spatio-temporal neighbourhoods (Theis et al., 2005) or geographical shift of forecast rainfall fields have been investigated in the past.
The goal of this paper is to go one step further in perturbating high-resolution model QPF. It proposes an alternative approach to take advantage of the progress made by the new convection-permitting operational deterministic NWP systems, in terms of QPF. This approach allows ensemble precipitation fields to be generated that directly match the time and spatial scales of the observed heavy precipitation events and the associated hydrological responses. First, perturbations are introduced in the deterministic convectionpermitting QPF. They are based on model error statistics for north-western Mediterranean heavy rain events. Then, these ensemble precipitation fields are evaluated by driving a hydrological model specifically set up to simulate flash-floods. The QPF perturbation method is compared to a state-of-theart convection-permitting ensemble NWP. The outline of the paper is as follows: Sect. 2 describes the models and Sect. 3 the QPF perturbation method. Then the results are discussed in Sect. 4 and sensitivity analyses are considered in Sect. 5. The conclusion follows in Sect. 6.
Meteorological and hydrological forecasting systems

The hydrological model
The ISBA-TOPMODEL hydrological model ) is used to produce ensemble discharge forecasts for the three main catchments of the French Cévennes-Vivarais region (see Fig. 1 ): the Gardons river at Boucoiran (1090 km 2 ), the Cèze river at Bagnols-sur-Cèze (1110 km 2 ) and the Ardèche river at Vallon Pont d'Arc (1700 km 2 ). The ISBA-TOPMODEL coupled system was designed and calibrated to simulate flash-floods in this area. It fully couples the land surface model ISBA (Interaction Surface Biosphere Atmosphere, Noilhan and Planton, 1989 ) and a version of TOPMODEL (Beven and Kirkby, 1979) adapted to the Mediterranean context (Pellarin et al., 2002) . This coupling consists of introducing a lateral soil water distribution into ISBA following the TOPMODEL concept. The soil-atmosphere interface is managed by ISBA, especially for evaporation and soil infiltration. Then the ISBA soil moisture fields are modified through TOPMODEL lateral transfers based on topographical information. From the new saturated areas and new soil moisture fields obtained, ISBA computes sub-surface runoff and deep drainage, which are routed to the watershed outlets to produce total discharges. ISBA-TOPMODEL calibration (fully described in Bouilloud et al., 2010 ) is limited to two parameters that manage the vertical transfer of soil water (parameters of saturated hydraulic conductivity profile). Once calibrated, ISBA-TOPMODEL proved to be efficient to simulate French Mediterranean flash-floods using hourly observed rainfall such as radar quantitative precipitation estimates ). In the work described here, ISBA-TOPMODEL was run in forecasting mode, i.e. using the meteorological forecast to drive ISBA-TOPMODEL during the rainy events. The simulation was started 48 h prior the rainy event in order to reach a state of balance in the hydrological model before the start of the rainfall. During this initial 48-h period, ISBA-TOPMODEL was driven by the observed meteorological forcing. The initial conditions (soil water and temperature) came from the Météo-France operational hydrometeorological system SAFRAN-ISBA-MODCOU .
The atmospheric prediction system
AROME deterministic operational forecasts
The convection-permitting precipitation forecasts were provided by the Météo-France operational model AROME (Seity et al., 2010) . AROME is part of the Météo-France operational suite that consists of several nested NWP models. At the time of the study, the global spectral model ARPEGE (Courtier et al., 1991) had a horizontal resolution of about 15 km over France and produced forecasts up to 102-h range. ALADIN (Bubnovà et al., 1995; Bernard, 2004) , a spectral limited-area model coupled to ARPEGE, was issuing up to 54-h forecasts at 7.5 km horizontal resolution over Western Europe. Since the late 2008, AROME has been running at a 2.5 km horizontal resolution over a domain mainly covering France. AROME is based on the non-hydrostatic version of the adiabatic equations of ALADIN. Its physical parameterisations come from the research model Meso-NH (Lafore et al., 1998) . No parameterisation of deep convection is needed thanks to the high resolution and a bulk microphysics scheme (Caniaux et al., 1994) that governs the prognostic equations of six water variables (water vapour, cloud water, rain water, primary ice, graupel and snow). Moreover, AROME has its own data assimilation cycle based on a 3-D-VAR data assimilation scheme. The rapid forward sequential assimilation cycle produces 3-hourly data analyses and 30-h forecasts at 00:00, 06:00, 12:00 and 18:00 UTC. The assimilated observations include those from radio-soundings, screen-level stations, wind profilers, weather radar (Doppler winds), GPS, buoys, ships and aircraft, and satellite data. The lateral boundaries were provided by ALADIN forecasts. Vié et al. (2010) have developed a convection-permitting meteorological ensemble based on a dynamic downscaling of the ARPEGE ensemble forecasts, called PEARP, (Nicolau, 2002 ) using the AROME model. The eleven PEARP members are first dynamically downscaled by AL-ADIN, which provides the lateral boundary conditions to AROME. A mesoscale data assimilation is performed with AROME to improve the mesoscale initial conditions as in the AROME deterministic operational forecasting system. The initial states of the AROME ensemble forecasts (hereafter called AROME-PEARP) are thus relaxed towards the same mesoscale observation sets, although the first-guesses arising from the PEARP members are different. AROME-PEARP mainly samples uncertainties inherent in larger scale lateral boundary conditions. Others ensembles sampling the mesoscale initial condition uncertainties are evaluated in Vié et al. (2010) but are not used here. Vié et al. (2010) computed probabilistic scores to evaluate their ensembles over a 31-day period during the autumn of 2008. Some of the scores showed that, regarding QPF, the probabilistic information outperformed the deterministic forecast. The AROME-PEARP showed a good ability to discriminate the kind of precipitation events, especially high precipitation ones, which are interesting within the framework of Mediterranean floods. The AROME-PEARP ensemble was still found to be underdispersive and its reliability, although satisfactory, could also be improved. An important drawback of this method is the high computational cost. Running such a system in real time is hardly affordable with the current computer power dedicated to operational numerical weather prediction. We selected this ensemble as a reference for evaluating our QPF perturbation method.
AROME ensemble forecasts
3 The QPF perturbation method 3.1 AROME deterministic operational QPF uncertainties
The basic idea was to fully take advantage of the valuable information contained in the AROME deterministic operational forecast to build a set of possible QPF scenarios. A preliminary step was thus to evaluate the errors in location and amplitude of the AROME deterministic operational QPF during heavy precipitation over southeastern France. This allowed us to establish the probability density function (pdf) of the errors that was to be used to generate the QPF ensemble members. The object-based quality measure SAL defined by Wernli et al. (2008) was selected to verify the hourly AROME QPF. This method can evaluate three different aspects of the quality of rainfall forecast fields over a specific domain: their structure (S), their location (L) and their amplitude (A). Their formulation is given in Appendix A. This method is suitable for the verification of QPF from convectionpermitting weather prediction models on short time scales. It is also well-fitted to the object-based QPF perturbation method described in this paper.
The SAL method was applied to verify the hourly AROME QPF against the quantitative precipitation estimates (QPE) from radar data over the domain D shown in Fig. 1 . The domain encloses the three watersheds but is a little larger than the area covered by them in order to better cope with the size of the mesoscale precipitation systems inducing heavy precipitation in that region. The 1 km 2 resolution radar QPE is based on the Météo-France weather radar network and calibrated by raingauges (Tabary, 2007 , Tabary at al., 2007 . The verification sample contained all the significant rainy events (24 days) that occurred over the domain from October 2008 to October 2009. A rainy event was considered as significant if the daily rainfall exceeded 70 mm at least at one raingauge station of the domain. The SAL method was applied to each hourly QPF in the 3 h to 24 h forecast range, as the two first hours of forecasting might have been damaged due to AROME spin-up. For each day of the sample, the four daily AROME operational simulations based on the analyses of 00:00, 06:00, 12:00 and 18:00 UTC, were available. Thus, the evaluation sample included more than 1100 hourly QPF fields in total. The hourly QPF were not all independent, but this large number of fields permited us to assume that the comparison would not be biased.
The SAL method first requires individual precipitation objects to be identified in both the observed and forecasted hourly rainfall fields. The precipitation objects are defined as continuous grid points exceeding a fixed threshold. Two different thresholds are used to enclose coherent objects in the threshold contour. A first threshold is fixed at a low value (2 mm h −1 ) to delineate the rainy areas (hereafter called "rainy objects"). Then a second higher value (9 mm h −1 ) enables the areas with convective rainfall (called hereafter "convective objects") to be identified within the rainy objects. This threshold has been found to be the most suitable for capturing the convective signature of the precipitating systems such as the convective line within the mesoscale convective systems observed over the region.
Figures 2 and 3 show SAL diagrams for the rainy and convective objects respectively. These SAL diagrams as proposed by Wernli et al. (2008) synthesise the SAL components on a single graph. The abscissa and ordinate correspond to the S and A component, respectively, and the colour of the point is for the L component. The scale of colour is indicated in the layout. The clear dots situated in the centre of the diagram represent very good forecasts. Positive [negative] values of A indicate an overestimation [underestimation] . Concerning the S component, negative values occur for too small objects and/or for objects with too high an inner gradient (also referred to by Wernli et al. (2008) as "too peaked objects"). Conversely, positive values of S occur for too large objects or objects with too low an inner gradient (also referred as "too flat objects" ) or a combination of both. Dashed lines indicate the median values of S and A. The white square has the 25th percentile of the distribution of S as abscissa and the 25th percentile of the distribution of A as ordinate. Similarly, the black square corresponds to 75th percentiles of S and A. For both the 2 mm and 9 mm thresholds, the median of the A component is very close to zero, indicating that there is no systematic underestimation (or overestimation) of the intensity of the rainfall. Figures 2 and 3 show that most of the AROME forecasts are quite satisfactory, since they lead to absolute values of A and S smaller than 1.5. Indeed, A and S components are constructed to vary between −2 and +2, with 0 corresponding to a perfect forecast. Values of L smaller than 1 show that location errors are small, since the L component is never in the range [1, 2] . Moreover, the points are situated along the main diagonal of the diagram for the 2 mm threshold (Fig. 2) , which shows that the behaviour of the model is consistent. The model overestimations of precipitation amounts go with too-large and/or too-flat objects. In contrast, the model tends to underestimate rainfall amounts because of too-small and/or too-peaked objects. The cases of underestimation are slightly more frequent than the opposite cases since the medians of A and S are both negative. For the convective objects (Fig. 3) , the S component is more frequently positive. Consequently, the simulated objects are too-large and/or too-flat even when rainfall amounts are underestimated (i.e. in the bottom right quadrant). This occurs when the model predicts stratiform precipitation in a situation with intense localised showers.
The L component does not show systematic behaviour with S and A components. Dots of any colour can be found in the four quadrants.
In addition, we estimated the probability density function (pdf) of the location and amplitude errors on the same objects as those used for the SAL diagnoses (Figs. 4 and 5) . Concerning the location error, we computed the geographical shift along the west-east (X) and north-south (Y ) directions for each object. The values of the location errors are shown in Fig. 4a , b. The distance between the barycentre of simulated and observed objects shows that in about 80 percent of the cases, the shift (in the either direction) does not exceed 50 km. The amplitude error is computed as the ratio between mean surface precipitation within simulated and observed objects. This factor is called f for rainy objects and f c for convective ones (Fig. 5a, b) . The distribution of f c is well-centred around the value 1, whereas for f the major class is for a value between 0.8 and 0.9. Similar results were obtained whatever the range of the AROME forecast (not shown). This object-based approach shows that the deterministic QPF on which the QPF perturbation ensemble will be built is not subject to systematic errors and provides a valuable possible scenario that is not too far from the observed one.
Perturbation generation
The method for generating an ensemble of rainfall forecasts is also based on an object-oriented approach taking advantage of the SAL evaluation. The perturbation method is based on the following principles: -The rainy objects are moved according to the pdf of the location errors of the AROME deterministic forecast.
-The intensity of the rain inside the rainy objects is modified according to the pdf of the amplitude errors of the AROME deterministic forecast.
-The convective objects within each rainy object are set more or less peaked/flat according to the pdf of the amplitude errors of the convective objects. Figure 6 represents the steps of this perturbation method. First, rainy objects are selected within the AROME deterministic hourly rainfall field at time t 0 over the domain D. These rainy objects are moved by steps of 5 km along the x and y-axes of the conformal projection plane. This geographical shift is limited to |XY | kilometres. Among all the possibilities, N (x,y) pairs are randomly selected according to the pdfs of the location errors of the AROME deterministic forecast, which are assumed to be independent (see Sect. 3.1) to produce N rainfall members. Then, for each member n, the rainfall intensity at each pixel of the rainy object, that is not included in a convective object, is multiplied Member n at t 0 Member n at t 0
(3) (3) (4) (4) by a factor f , randomly selected according to the pdf of the amplitude errors of the AROME deterministic forecast. Finally, the rainfall intensity of each pixel of the convective objects within the rainy objects is multiplied by a factor f c , randomly selected according to the pdf of the amplitude errors of the convective objects. The same displacement (x,y) and intensity factors f and f c apply from forecasting range t 0 to the final range t f , to define a physically consistent rainfall scenario for each member. This method is called PERT-RAIN hereafter. So PERT-RAIN has been designed to take advantage not only of the capabilities of the convection-permitting NWP models to produce rain fields of better quality that are more relevant to the hydrological scales involved in flash-flood forecasting, but also of the climatology of the AROME model errors, in terms of both amplitude and location. With this method, the spatial distribution of precipitation within the rainy object is not governed by statistical laws. It follows the physical distribution given by the convection-permitting model that takes the synoptic meteorological situation, the orography and the meso-scale processes involved into account. Within Mediterranean heavy precipitation systems, the convective cells are not randomly distributed but generally organised along the leading edge facing the marine low-level flow (Ducrocq et al., 2008) . Our method retains this physical property. PERT-RAIN is applied to each hourly AROME QPF from 3 h (t 0 ) to 24 h (t f ) of the forecast. The reference simulation PERT-RAIN considers 50 (N ) members, which can be displaced up to ±50 km (XY) along the x and y-axes, and have intensity factors f and f c that can vary from 0.5 up to 1.5. Values of N and XY are chosen considering the sensitivity analyses described in Sect. 5. The 50 rainfall scenarios are used to drive ISBA-TOPMODEL. The other parameters necessary to drive ISBA-TOPMODEL still come from the AROME deterministic operational forecast. Hourly observed discharge is plotted as black diamonds, forecast discharge with ISBA-TOPMODEL using the members of AROME-PEARP ensemble simulation as blue curves. The red curve is for the ensemble median. The shaded area represents the interquartile range. The green curve is the forecast discharge with ISBA-TOPMODEL using the AROME deterministic operational forecast. The orange curve is the simulated discharge with ISBA-TOPMODEL using the radar quantitative precipitation estimation. The dashed black line is the warning reference level used by the French operational flood forecasting centre. Hourly observed discharge is plotted as black diamonds, forecast discharge with ISBA-TOPMODEL using the members of AROME-PEARP ensemble simulation as blue curves. The red curve is for the ensemble median. The shaded area represents the interquartile range. The green curve is the forecast discharge with ISBA-TOPMODEL using the AROME deterministic operational forecast. The orange curve is the simulated discharge with ISBA-TOPMODEL using the radar quantitative precipitation estimation. The dashed black line is the warning reference level used by the French operational flood forecasting centre.
frontal disturbance moving eastward was strengthened by the south to south-easterly convergent low-level flow that supplied moisture from the Mediterranean. The largest rainfall occurred over the foothills of the Cévennes on the evening of 21 October. Daily rainfall reached 470 mm at Le-Grand-Combe raingauge in the Gard department. This led to a significant rise of the water level of Gardons, Cèze and Ardèche rivers. The AROME deterministic operational forecast based on the 21 October at 12:00 UTC analysis produced high rainfall amounts over the Cévennes catchments. The rainy object location in the AROME forecast approximately matched the observed precipitation area but the convective part was underestimated in terms of both spatial extent and maximum rain intensity. Another heavy precipitation event affected the Cévennes area ten days later. A strong upper-level trough approached France from 31 October and evolved into a cut-off low over the Iberian peninsula by 2 November. A surface low pressure centre was located over southwestern France, which generated a rapid northward advection of moist, warm marine air. The Cévennes area was affected by heavy rain and river flooding. From 1 November 12:00 UTC to 2 November 12:00 UTC, around 400 mm were recorded locally over the Massif Central foothills. The AROME operational forecasts underestimated the maximum rainfall totals. 24h-accumulated precipitation reached no more than 200 mm. The rainy objects in the AROME forecasts were also located too far north compared to the observed ones. But the areal rainfall forecast (mean value on Gardons, Cèze and Ardèche catchments) from the AROME deterministic operational forecast based on the 2 November 00:00 UTC analysis had values close to the observations or higher (see Table 1 ).
AROME-PEARP streamflow forecasts
A first set of streamflow ensemble forecasts was produced by the ISBA-TOPMODEL hydrological system driven by the eleven AROME-PEARP ensemble rainfall forecasts described in Sect. 2.2.2. This set constitutes our reference for evaluating the performance of the PERT-RAIN method in the following sections and for the sensitivity analyses. Figure 7 shows the discharges simulated by ISBA-TOPMODEL using AROME-PEARP hourly rainfall ensemble members for the October and November cases. The discharge simulation starts at 12:00 UTC (either on 21 October or on 1 November) and uses hourly QPF up to 24 h. The simulations are extended up to 36 h-range using zero rainfall intensity for the last 12 h to include the observed flood peak for the three catchments. The green and orange curves are for the discharges simulated by ISBA-TOPMODEL driven by the AROME deterministic forecast and the radar QPE, respectively. The shaded area in Fig. 7 represents the ensemble spread between quantiles q 0.25 and q 0.75 of the members. The dashed black line represents the warning level used in the national operational flood forecasting centre.
For both cases, the median of the members is generally closer to the observations or to the radar-driven simulation than the simulation driven by the AROME deterministic operational forecast. The radar-driven simulation helps to estimate the uncertainties associated with the hydrological modelling although some of the uncertainties come from the radar observations themselves. For all cases, both the median and the ensemble spread simulate a significant flood peak. This shows that this probabilistic approach introduces useful information compared to the deterministic approach in both cases. Considering streamflow ensembles with respect to the warning level gives an idea of the risk of exceeding this level and so of being faced with a potentially dangerous situation. However, the quality of the results depends on the catchment and the case. Most of the time, the observed flood peak is included into the ensemble spread except for the Ardèche watershed. For this watershed, the flood peak is underestimated by all the members for the October case and overestimated by most of the members for the Nov. case. Simulated discharges are of course strongly linked to the total precipitation falling over the watershed. For instance, the flow peak underestimation by all the members for the October case is well explained by rainfall totals smaller than the radar rainfall estimate (Fig. 8) .
Perturbed rainfall forecasts
The discharge time-series simulated by ISBA-TOPMODEL driven by the PERT-RAIN scenario are shown in Fig. 9 . Many of the members lead to an underestimation of the discharge with no flood at all. Also some members strongly overestimate the peak flow. Nevertheless, the median and the interquartile range provide information about a flood occurrence. The median is either closer to observations than the deterministic forecast or, at least, it informs on the risk of a flood which was already identified by the deterministic forecast. The stream flow ensemble is also informative as far as flow peak timing is concerned. Of course, encouraging as these results on two events may be, they need to be confirmed on more cases. The PERT-RAIN interquartile range (shaded area in Fig. 9 ) is of the same order as our reference (AROME-PEARP). Overall, the PERT-RAIN median discharges are smaller than the AROME-PEARP ones, except for the November case over the Gardons watershed and for the October case for the Ardèche watershed. The PERT-RAIN median flow peaks are generally closer to the observed ones or of the same accuracy as the AROME-PEARP median peaks, except for the October case over the Gardons watershed. It is worth mentioning that even if the perturbation only concerns rainfall location and amplitude (not the rainfall time evolution), we obtained quite different precipitation time-evolution patterns over the watersheds with PERT-RAIN. A more objective comparison was made between the PERT-RAIN method and the AROME-PEARP ensemble (Table 2) . The same number of members are considered for both the PERT-RAIN and AROME-PEARP methods to permit a fair comparison (Richardson, 2001) . Only ten members were considered in PERT-RAIN so as to fit the AROME-PEARP ensemble size. In order to compare both streamflow ensembles in terms of mean error and spread, the Root Mean Square Error of the ensemble (RMSE) and the ensemble spread (σ ) was computed for the hourly discharges at the three outlets. The reference was given by observed hourly discharges. An informative ensemble will lead to weak values of RMSE and to an order of magnitude of σ not higher than the RMSE one. Then, to evaluate the improvement with respect to the deterministic AROME forecast, the Ranked Probability Skill Score (RPSS) score was computed for the three catchments. RPSS gives an idea of the performance of an ensemble compared to a reference forecast (here the deterministic model). The values obtained are quite close for both methods. These scores confirm the visual inspection of the hydrograph: there is no method that systematically performs better than the other. For instance, PERT-RAIN obtains better scores than AROME-PEARP for the Ardèche watershed whereas the opposite is true for the Cèze river.
Sensitivity analyses
Some additional experiments were carried out to examine the sensitivity of the PERT-RAIN method to its degrees of freedom. The characteristics of the sensitivity experiments are given in Table 3 . The sensitivity experiments were evaluated on the same October and November 2008 cases for Quantitative Discharge Forecasts (QDF) but also on a larger sample of heavy precipitation events for QPF. As AROME forecasts have only been available since 2008, a compromise was made between building an independent evaluation sample and a sufficient sample size. The QPF sample was thus composed of both the October and November 2008 events and five events with rainfall exceeding 70 mm day −1 in 2009 and 2010. The four events in 2010 were outside the period used to establish the AROME error climatology on which the PERT-RAIN method is based. Scores were computed for 24-hour accumulated rainfall. The QDF was not evaluated on this period to save computer time and, also, discharge observations have not yet been quality checked for this recent period. Figure 10 shows the RPSS score computed on the 24-h rainfall totals of the whole evaluation sample for all the sensitivity experiments. Experiments PERT-RN with the number of members N varying from 50 to 10 (Table 3) allows an examination of how much the PERT-RAIN method deteriorated with fewer members. As expected, decreasing the number of members deteriorates the RPSS score. The impact is larger when going from 10 to 20 members than when further enlarging the ensemble size. Similar conclusions were drawn from QDF. The simulated hydrograms for experiments PERT-R10 to PERT-R50 for the Nov. case or October case (not shown) led to a median of the ensemble that fitted the observations better when the number of members was increased. Then, in order to evaluate the impact of the different steps of the perturbation method, a series of three experiments was defined by perturbing the structure, amplitude and location characteristics of the simulated objects separately. In the . 8. 24h-accumulated rainfall (in mm) averaged over the three watersheds and over the whole domain from radar data (black crosses), the OME deterministic operational forecast (pink circle) and the members of the AROME-PEARP ensemble (blue points) between 21 Oct. PERT-L experiment, only the location of the rainy objects was modified (step 1 of the perturbation method). In PERT-A only step 2, varying the amplitude of the rainy object through f , was kept. For the members of PERT-S, only the amplitude of the convective objects was modified (step 3 of the perturbation method) through f c . These experiments were performed with 10 members only in order to reduce the computational cost. When only the location varied (PERT-L), keeping the same XY = 50 km maximum range as in the full PERT-RAIN ensemble, the RPSS value was slightly smaller than with the full method (PERT-R10). When the maximum range is reduced to XY = 25 km, the skill was significantly reduced. The skill became negative which means that the ensemble forecast was less accurate than the reference. When the location of the forecasted objects was not modified in the perturbation method (for PERT-A and PERT-S experiments), the RPSS was further reduced (Fig. 10) . Regarding the QDF, Fig. 11 presents the peak discharge error for each member according to f (for experiment PERT-A) or f c (for experiment PERT-S) values. Although the f c pdf is almost symmetric, the QDF are underestimated for almost all values of f c . Even though the error is reduced with the larger values of f , peak discharges remain underestimated most of the time. These results confirm the necessity of considering perturbations both in location and in amplitude. For the cases studied, the location perturbations had a larger impact than the amplitude perturbations. Allowing displacement of the rainy objects up to 50 km for the perturbations is better for cases with larger errors in location of the AROME deterministic operational forecast. These results are confirmed when the streamflow ensemble obtained for experiments PERT-L, PERT-A, PERT-S and PERT-R is considered. The more satisfactory ensemble, on the basis of the two study cases of November 2008 and October 2008, was obtained for the PERT-R experiment, that is when location, amplitude and structure were perturbed.
Conclusions
Short-term precipitation ensemble forecasts for Mediterranean flash-floods can be produced from hourly forecasts issued by a convection-permitting meteorological deterministic model. For this, a perturbation method has been developed. The meteorological ensemble forecasts are fed into the ISBA-TOPMODEL model, which was specifically set up to simulate flash-floods to produce ensemble streamflow forecasts. The perturbation method tries to take advantage of the high-resolution, process-based model trajectory of the new generation convection-permitting NWP forecasts. In addition, it also allows the uncertainty to be sampled in both location and magnitude of the precipitation forecast. This method makes use of the location and magnitude errors of the meteorological AROME model QPF in southeastern France.The SAL object-oriented verification method of Wernli et al. (2008) has been found to be well suited to separately evaluating the errors of the rainfall forecasts in terms of location, amplitude and structure. No systematic biases of the AROME QPF have been found. More specifically the general drawback of underestimation of heavy precipitation by the coarser NWP models is not found for the convectionpermitting AROME model. Errors in location do not exceed 50 km in 80 % of cases. Consequently, one can consider that AROME QPF are of good quality as far as heavy rainfall is concerned. This justifies the approach developed for the PERT-RAIN perturbation method, directly based on the high-resolution model scenario and its simulated rainy objects. The verification performed on two different cases of flashfloods shows that the precipitation ensembles generated from the PERT-RAIN ensemble method improve the streamflow forecast quality with respect to the deterministic single-value AROME forecast. The quality of the PERT-RAIN ensemble method is generally as good as that obtained using a state-of-the-art research convection-permitting NWP ensemble (AROME-PEARP). The sensitivity analyses show that an ensemble size larger than 20 members provides better skill regarding the deterministic forecast than ensembles with fewer members. The perturbations in location have the strongest impact on the skill of the ensemble. However, the best ensemble, in terms of both precipitation forecast and streamflow simulation, was obtained when the three kinds of perturbation were combined (location, amplitude and structure). Further verification on a larger size sample of flashflood cases is still needed to confirm these promising results. The observing periods of the HYMEX field experiment (http://www.hymex.org) will also provide a test-bed for evaluating the method in a real-time framework.
The PERT-RAIN method is based on the pdf of AROME QPF errors. Completing our climatology of those errors will be a way to improve the skill and reliability of the PERT-RAIN ensemble. For instance, it could be useful to determine location error in terms of distance rather than using x and y coordinates errors and also to determine different PDFs for each forecast range. The first advantage of the PERT-RAIN approach is its rather low computer time cost with respect to that of convectionpermitting NWP ensembles. So this method could already be applied to pre-process single-value convectionpermitting operational NWP forecasts for real-time probabilistic streamflow forecasting. Moreover, this method could also be applied to each member of the future convection- permitting NWP ensembles in order to enlarge the size of the ensemble. Considering their cost, the size of such convection-permitting NWP ensembles should still be limited (around 10-20 members) in the foreseeable future. The PERT-RAIN method addresses the first source of uncertainty in flash-flood hydrological forecasting, that is QPF uncertainties. Other hydrological uncertainties, such as those associated with the initial soil moisture content or with the hydrological modelling system itself, will also be examined in the future in order to sample the total uncertainty associated with Mediterranean flash-flood forecasting.
Appendix A Definition of the three components of SAL (Wernli et al., 2008)
SAL is an object-based quality measure, which evaluates three components concerning the structure of the precipitation field (S), its amplitude (A) and its location (L). This measure is valid for a given geographical domain D. It is based on the differences between a simulated precipitation field R mod and the observed field R obs . The A component is the normalised difference of the domain-averaged precipitation values:
It is a relative measure of the bias of the model over the domain D. Values of the A component are between −2 and +2 and a perfect forecast corresponds to A = 0. Evaluation of S and L requires the identification of coherent precipitation objects in both forecast and observation.
The location component L is the sum of two contributions denoted L1 and L2. L1 is the normalised distance between the barycentre of the simulated field (x(R mod )) and that of the observed field (x(R obs )) over the whole domain D. 
where M is the total number of individual objects in the field, and R n is the integrated amount of precipitation for the object n. L2 is then given by:
L (=L1+L2) allows the global shift of the simulated field to be evaluated with respect to the observation. It also gives information about the spatial precipitation distribution. Values of the L-component are between 0 and +2 and a perfect forecast corresponds to L = 0. The structure component S is based on the "scaled volume" of each precipitation object V n :
where R max n is the maximum rainfall value within the object n.
For the whole field, one can compute the weighted mean precipitation volume of all objects denoted V:
S is then the normalised difference between observed and simulated V:
Values of the S component are between −2 and +2 and a perfect forecast corresponds to S = 0. Positive values of S correspond to simulated objects that are too-large compared to the observed ones or to a widespread simulated precipitation field when the observed field presents small convective events, i.e. the simulated objects are too flat. Conversely, negative values of S correspond to too-small or too-peaked simulated objects.
Appendix B
Statistical tools
The skill of ensemble predictions (rainfall and streamflows) is evaluated in the study through the root mean square error (RMSE), the spread (σ ) and the ranked probability skill score. The RMSE is defined as:
where N is the total number of time steps, o i the reference value at time step i and m i the mean of the forecast members. The spread is computed as:
where n is the number of forecast members and x k,i the value of member k at time step i. The Ranked Probability Score (RPS) derives from the Brier Score (BS) (Brier, 1950; Wilks, 1995) . It considers the exceedance of K-1 thresholds. The forecasts are divided into K classes.
where Y k and O k are the cumulated k threshold distributions for forecasts and observations respectively. RPS varies between 0 and +∞;0 is for a perfect forecast. Then the Ranked Probability Skill Score (RPSS) situates the forecasted ensemble with respect to a reference forecast:
RPSS varies between −∞ and 1; 1 corresponds to a perfect forecast.
